In this paper we examine the mechanisms by which a given viral disease spreads successfully in a geographical region. We propose that the key factors that cause pandemics are of social nature, whose influence can be modeled by mobility parameters that take into account the different ways in which the disease can be transmitted. We use a new SEIR(S) model that is able to reproduce the temporal behavior of a given disease within a local homogeneous community. The geographical spread of the disease is studied by defining a two dimensional grid of cells, weighted by the population density, and a SEIR(S) model in each cell. The cells are coupled with their nearest neighbors, simulating terrestrial communications, and with long range links representing airline routes. We propose that the mechanisms of transmission depend on the length scale. We simulate other transportation events as thermal noise, which turns out to be a key factor. Numerical simulations are presented to illustrate the results of the model. Actual data on the population, communication networks and incidence of influenza pandemic in Mexico in 2009 are used to validate the model. The agreement with actual data is satisfactory. Furthermore, it accounts for the effect of social distancing measures implemented in Mexico during the 2144 Rafael A. Barrio et al.
I. INTRODUCTION
There has been an increasing concern about the imminent appearance of a lethal mutated virus that may cause a pandemic of catastrophic proportions, killing millions of people globally [46] . RNA viruses evolve extremely rapidly, often with mutation rates one million times greater than vertebrate species [17] . This rate of mutations allows viral populations to rapidly invade new environments. Viral pathogens, such as influenza virus, HIV, hepatitis C virus, and measles virus, place a substantial burden on global human health. RNA viruses possess high mutation rates, large population sizes, and short generation times, which mean that epidemiological and population genetic processes occur on a similar time scale [25] . In the case of influenza A virus, it shows short infectious periods with partial cross-immunity. Naïve influenza susceptibles ultimately arise from the birth of new hosts, although susceptibility to novel viral variants is also reacquired by mutation at key antigenic sites (antigenic drift). In addition to antigenic drift, influenza pandemics can be caused by reassortants with novel surface antigens (antigenic shift) for which entire populations becomes effectively susceptible that lead to the more devastating influenza pandemics that occurred several times in the last century [19] . However, the pathogenic aspects of the virus are not the only ingredients in the phenomenon of a pandemic, which certainly further involves many complicated social issues, as the concentration of people in large cities, the efficiency of terrestrial and aerial public transport, and the average number of personal contacts per day, or mobility. All of these factors have increased enormously since the late 20th century. The social reaction to a pandemic is also affected by the health illiteracy, which depend on the level of education of different nations. There has been a tremendous advance in the understanding of the dynamics of infectious diseases in the last decades [3-4, 8, 13] , and many epidemiological models have been proved useful in increasing this understanding [26, 32] , particularly concerning the annual appearance of different types of influenza [9, 44] . Particular attention has been drawn to the influence of air travelling upon the spread of diseases [11, 22-24, 33, 39] , and the effect of the resulting high mobility of people has been studied, in particular during the influenza pandemics of 2009 in The United States [5] and Europe [36] . At present, the World Health Organization monitors the potential danger of pandemics (becoming a reliable source of data for scientific research) and may recommend measures to minimize the scale of epidemics [46] . When well informed individuals face the possibility of being infected by a dangerous disease, naturally they change their behavior in order to minimize this possibility. The collective effect is a "social scare" that induces social changes as a defense mechanism to combat the spread of the disease. The reaction depends on the social structure that allows the organization of these individual changes of behavior at a larger scale. These involve mass vaccination, reducing the mobility of people by closing flights, roads, or public places and the adoption of new hygienic habits. It is clear that the magnitude of social changes is inversely proportional to the lethality and the persistence of the disease. Less clear is our knowledge of which social measures are more effective to combat the spread of an infectious disease. The relevance of the coupled dynamics of fear and disease has been recently explored by a mathematical model [18] . Therefore, there is an urgent need to develop reliable scientific models of the spatiotemporal spreading of diseases that include the possibility of simulating the various scenarios in societies facing a pandemic. In this paper we present a simple yet realistic model that aims toward the development of such tools. Our presentation is organized as follows: In Section II we present the theoretical model used, with the particular mechanisms proposed for the spread of the disease in three different spatial scales. We introduce the concept of thermal noise and include typical numerical calculations of the results. In Section III we use the actual data collected during the influenza outbreak in Mexico in 2009 to adjust the model parameters that best reproduce the time history of the disease. We include a simulation of the social measures adopted by the Mexican government to reduce the effects of the epidemic. Finally, in Section IV we draw some conclusions and discuss the possible use of this model to predict the long term behavior of a given outbreak in its early stages, in order to compare the effects if various social distancing measures were to be adopted.
II. THEORETICAL MODEL
The population dynamics of many host-viral interactions are well characterized [3] . One could dedicate oneself to study a particular illness and model its time development in detail. It is also true that the way the host responds and defends itself from the infection varies enormously. However, from the epidemiological point of view one could distinguish a wide range of viral diseases that share the same history and could be grouped into a general category [25] . Among these groups there are viral diseases that are contracted by direct contact, occur periodically with fade-outs in between cycles and with genetic variations, such as rotavirus, measles, influenza, and hepatitis C virus. The typical theoretical procedure to deal with these diseases is to consider a continuous SIR (susceptible, infectious, recovered) model [38] , or a SEIR(S) (susceptible, exposed, infectious, recovered, (susceptible)) model in which one considers a homogeneous population that could be divided into categories or compartments according to the stage of the infection (for a review see [3] ). In this context all the biological processes that the virus undertakes are implicitly taken into account by time rate constants that govern the dynamics of the distribution of the population in the compartments.
However, it should be clear that this is not enough if one wants to model the spread of a disease in a large population, that is, if one is interested in modeling the appearance of pandemics. One should bear in mind that close contacts between healthy individuals and infectious ones are basically stochastic and also depend on the spatial scale at which they take place, obeying the transportation patterns of a social community [7, 10, 35] . A short or local scale could be defined by the daily routine trips that most people perform. In cities (and farms) two places are visited daily, work and home [8, [41] [42] (or schoolhome), usually situated few miles apart. The important consequence is that the number of contacts and the probability of being infected per day can be averaged over a homogeneous population within an area of few square miles, and this average determines a suitable parameter in a local deterministic SEIR(S) model, which has to include the specific pathogenic properties of the disease. Once the size of the local space in which the population has been averaged is determined, the medium range scale can be represented by the probability of passing the infection to a neighboring locality (in our model this corresponds to 50 km 2 ). These events would include regular commuters in suburban areas, weekend travelers and random frequent short trips by car. In general these events are not regular, and could also vary seasonally. Therefore, averaging out does not make sense at this scale and one has to model this truly correlated random process by a stochastic method regulated by a "terrestrial mobility" parameter. Transmission at a large scale is very important nowadays, since people can travel long distances by plane in no time. The method of modeling the mechanism of transmission in this case could be similar to the medium range one, except that the "air mobility" parameter should be rather different. A very important mechanism of transmission is what one might call "social" or "cultural" mobility, which is due to the existence of occasional trips to unexpected places that are a consequence of social habits. These include, eating out, going to the theatre or cinema, rock concerts, sport matches, and many more social activities that tend to put large numbers of persons in close contact. All this agitation, or "kinetic energy", can be visualized as the characteristic temperature of the system, and assuming that a society is in equilibrium, the probability of these events should be a noise term. In what follows we explain in detail the ways we model these processes.
A. Local scale model of transmission.
We developed a discrete SEIR(S) model [27] that divides the population into categories or compartments; those who have not yet experienced infection ( ), X those infected but not yet infectious ( ), E infectious ( ), Y and recovered ( ), Z with various processes determining the flows into and out of each category. We consider direct transmission of an infectious disease which confers temporal immunity. In this model the probability that a susceptible do become infective obeys a Poisson distribution, and it is calculated as the sum of the probabilities of being infected by any number of contacts, that is, ( 
)
where  is the transmission coefficient that takes into account population and disease characteristics related to the spread of the infection, and determines the well-known basic reproduction number 0 .
R We abandon the usual assumption that new cases arise in a simple proportion to the product of the number of individuals who are susceptible and the number who are infectious, which leads to P XY   [3] because we have recently shown that in epidemic models this principle has limited validity [31] . Our assumption is more sensible biologically for both continuous and discrete epidemiological models [1] [2] 31] and it reduces to the mass action principle for small .

It is also assumed that the temporal development of the disease is characterized solely by time constants. These are the adimensional (no physical units) periods of latency, 
is considered constant, the birth rate is , N  provided that all newborns are susceptible. The fact that N in general is not conserved is incorporated through a survival parameter . S We suppose that the infection is a consequence of daily contacts, so the time unit in which the time constants are expressed is one day. Considering all the foregoing assumptions, we express the flow rates per day of all variables by the following system of delay-difference equations:
and the incidence function is (1 ) .
The survival parameter , S determining the fraction of the population that becomes susceptible after an infection cycle, is determined by the immune response, either natural or by vaccination. Various types of epidemic models can be formulated straightforward with or without vital (deaths and births) dynamics: SI, SIS, SIR, SEIS, and so on. A rigorous stability analysis of a SIS model with the same structure can be found in [31] . A typical example of the kind of results obtained by this model is depicted in Fig.1 N  These values are appropriate for rotavirus infection in developing countries [28] . Observe the periodic recurrence of infectious peaks of nearly twice a year. This periodic behavior can be modeled or suppressed; the dynamics is determined by the threshold parameter 0 (1 )
This threshold quantity is known as the basic reproductive number [5] and its dynamics behavior can be seen in 
B. Intermediate spatial scale transmission.
We are now interested in modeling the mechanisms by which the disease can be transmitted between people that inhabit places located at a larger distance than the dimensions considered by the local model presented above. We define a two-dimensional geographical model by considering a grid of cells ( , ) .
ij A cell represents an average state of the population in a region of a size to be determined by the properties of the particular disease to be considered and by the average local transportation practices of the inhabitants, usually found to be of the order of few Km 2 . Therefore, an independent epidemiological model, weighted with the population density ( , ), ij  is defined in each cell by
The communication between neighboring cells cannot be represented by a diffusion term, as it is customarily done, since diffusion tends to equalize quantities. It does not stand to reason the idea that after a contact between a healthy person and a sick one, the healthy becomes less healthy and the sick improves his health condition. Infections are contagious, meaning that after contact a susceptible person may acquire the illness, but nothing happens to the one already sick. Therefore one has to model this process in a better way. People do not travel long distances by road routinely. Therefore, the probability of making a trip between neighboring cells is not constant and varies dynamically at random. However, one could define a quantity t v that represents the terrestrial population mobility, that is, the normalized average number of trips between cells per day. The chances of encountering an infectious individual in a different cell should be proportional to this mobility parameter. Consequently, we could use it in a Monte Carlo process to decide if at a given time the infectious people in one cell transmit the illness to neighboring cells. The variables in all the Monte Carlo processes are all considered to be fractions of unity and no rounding off was made. The process is as follows: at each time step one finds the cells in which ( , ) , to the one proposed in Ref. [8] , the difference being that we take explicitly into account the correlation between the number of susceptible and infectious individuals. 
S 
Observe that there is mainly a single circular wave front, meaning that there are no further outbreaks after the first one in each cell. Therefore, the disease will disappear eventually.
In Fig. 2 we show typical calculations in a plane of uniform population density. Observe the propagation of wave fronts of infection. This result is similar but not equivalent to the expected situation in a diffusion regime. The spatial separation of two consecutive fronts is about 200Km, if the cell size is around 50 Km. The lapse between consecutive maxima in the same cell is about 200 days.
C. Long distance transmission
A similar process of infection can occur between distant neighbors if they happen to be connected by air-lines. The aerial travel is simulated by locating the airports in the grid and defining an air mobility parameter 
S 
Observe that there is only a single front originated from each airport and that the epidemic dies out when the fronts cross each other. (d) Same as (c) after 1042 days. The epidemic will disappear in a few more days.
In Fig. 3 (a) we show typical numerical simulations that illustrate the effect of aerial connections. The air mobility parameter has been set to a very small value, the dynamics starts at the centre of the domain and there are 9 airports (or possible sources of disease) located in a regular fashion for simplicity. Notice the qualitative difference with Fig. 2 : the area affected by the infection at a given time is much larger, the different sizes of the outer wave fronts are due to the fact that R is less than one (see Ref. [27] ), so the disease will disappear eventually and no pandemic will appear.
D. Noise
Since people tend to move randomly to unexpected places without apparent cause, real noise has to be considered. This will cause the appearance of new sources of the epidemics in places where there is an ongoing infection but few susceptibles. In order to simulate the sudden accumulation of susceptibles in a place with infected individuals, we consider it as "thermal noise" and introduce a Monte Carlo procedure different to the one for the geographical spread of the illness. We select the infected cells ( , ) ij in which there are not where kt is the "temperature" of the system. If the Monte Carlo condition is fulfilled, then one starts the disease in that cell with the initial conditions, namely, ( , ) ( , ) ( , ) 0,
This process will introduce untimely peaks in the total number of infectious at a given time, which is a phenomenon widely observed in real epidemic data [29] .
In Fig 4(a) we show the effect of including this noise. The time history of t Y averaged over all cells that corresponds to the parameters used in the calculation of Fig. 3 (d) is shown as a red curve. Notice that in the absence of noise, the disease dies out after 1100 days due to the small value of the survival parameter 0.1. S  This is to be expected because most of the population becomes immune after the first infection. The blue curve shows the results of the same calculation adding a substantial amount of noise ( 0.4). kt  Notice the significant increase in the proportion of infected people and that the disease has become endemic, decaying as a power law (with exponent ). For larger values of kt the actual number of infectious remains very similar to the maximum, indicating that the epidemic becomes endemic. Then, it is clear that pandemics can be driven solely by this kind of noise. In this respect kt acts as the intrinsic parameter that senses the phase change. In physics this is known as a second order transition parameter which means that kt acts as an ordering (or tunable) parameter. We propose that kt may be used as a new parameter to gauge pandemics. The quantity normally used is the basic reproduction number 0 , R which in the whole spatial domain cannot be analytically determined. A sensitivity analysis of the model is found in the Appendix. Three movies are available upon request. Movie I is about the actual geographical spread of influenza in Mexico, Movie II is a simulation based upon our model that mimics the actual geographical spread, and Movie III simulates the geographical spread of influenza assuming no social distance interventions. The main result of the sensitivity analysis is that the mobility parameters produce very little qualitative changes of behavior, and they only set the actual number of infections (scale).
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Notice that the lack of variation in the results means that there is very little room to reproduce the results, the only significant variations were found to be with respect to kt and .
S One could state that this spatiotemporal model has essentially three adjustable parameters (kt and ), S plus the terrestrial mobility () t v which may become a relevant parameter in some circumstances. As we shall shortly see, given the fact that we were able to closely reproduce the dynamical behavior of the influenza in Mexico, shown in Figure 6 , we can say that the main hypotheses of our model are validated.
III. APPLICATION TO THE INFLUENZAEPIDEMICS IN MEXICO IN 2009
In order to show the ways in which this model maybe used to obtain insight into the appearance and development of pandemics, we consider the actual data of the influenza A (H1N1) of swine origin in Mexico during 2009-10. Detailed data on the time history of the pandemics were published by the Mexican government in July 19th 2010, found at http://portal.salud.gob.mx/sites/salud/descargas/pdf/influenza/situacion_actual_epidemia_1 90710.pdf. There, one finds the daily incidence (total number of new cases) for 390 days, the statistics on sex, age and number of lethal cases, the total number of confirmed cases in each of the 32 States, and the global distribution of fatal cases in the world. Influenza surveillance data compiled by the Mexican Institute for Social Security (IMSS) representing 40% of the total Mexican population was also kindly provided. The characterization of the 2009 influenza A (H1N1) pandemic in Mexico using the sentinel IMSS data can be found elsewhere [14] . We also consulted the geographical demographic data of Mexico (from Instituto Nacional de Estadística y Geografía (INEGI) at www.inegi.org.mx/ and from (CIESIN), Columbia University http://sedac.ciesin.columbia.edu, and investigated data from Dirección General de Aeronáutica Civil of the Secretaría de Comunicaciones y Transportes www.sct.gob.mx/ about the frequency of airline travel and the number of passengers in Mexico. During 2009 there were 24,598,508 passengers that arrived at 55 national airports in domestic flights. The 10 principal airports accounted for 76.2% of the total number of passengers. The geographical data are graphically shown in Fig. 5 . All these data are needed to estimate realistic values of the parameters in our model. There are two kinds of parameters in the model, the ones related to the disease itself, to be used in the SEIR(S) model, and the ones related to the geographical spread of the epidemics. The time rates have been adjusted for the case of influenza A(H1N1) in Ref. [6] , and the best values are 2,  
3,
  and 365   days (in order to have periods of 200 days or more the immune period should be at least of the order of 120 days (see Figure A6 ). The life expectancy in Mexico is about 70 years, so the mortality rate was set at 1/ (70 365).
  The best value found for the parameter  was 1.92. We used In influenza not all recovered people become susceptible again, because acquired immunity after recovery or changes in social behavior. The survival parameter was estimated from the fact that in a country with 1.1x10 7 inhabitants the number of infections in a year was 72548, then the fraction of the population entering in the cycle as susceptibles is in five days after the start, with a very small outbreak after one year. The population density ( , ) ij  used to modify the SEIR(S) equations in each cell was fitted with a quadratic function from the data shown in Fig. 5 and normalized accordingly. The estimation of the mobility parameters is not straightforward, since some of them have to do with sociological aspects that are not well studied yet. However, we can analyze the data available and use sensible arguments to assign values to them. The simplest one is the air mobility, which is related to the fraction of people that travel by air in one day. This fraction is readily available from the data. In our calculations we have considered the main 55 airports in Mexico and the air routes between them (shown in Fig.  5 ). We constructed a matrix ( , )
A i j whose elements are weighted with the normalized number of passengers daily in each route. The parameter a v should be proportional to the weight of the link between cells with an airport. The proportionality constant is related to the probability that in an airplane there is one infectious contact and the mean number of people in a plane is 36, thus the value was taken as ( , ) ( , ) / 36.
The terrestrial mobility parameter is related to the fraction of people that make daily trips at distances longer than the linear size of the cells. fits the pandemic data very well, which is reasonable. Finally, the parameter kt is not easy to estimate from any data, since it has to do with regional cultural gathering habits of people. The results of the model are extremely sensitive to this parameter (see Appendix), so it is crucial to give it an accurate value. Fortunately, during the pandemic in Mexico, the government implemented social distancing measures that had a striking effect on the dynamics of the pandemics and we took advantage of this fact to adjust the time history from the model results to the actual data. The air mobility was not perturbed by the intervention, so only two mobility parameters have to be adjusted. The history of these interventions is: On the 12th of March the first reported concerned case appeared, on the 16th of April the epidemiological alert was released. Schools were closed on the 23rd and other no essential activities were suppressed on the 30th of April. These measures lasted for 20 days, after which students went back to school. It is important to realize that in Mexico about 50% of the population is below 25 years old, so the school activities become very important. It is then worth taking into account that schools started holidays on the 18th of June for 40 days. There are clearly five periods in which the mobility of people was affected and the parameter values were carefully fitted to reproduce the incidence history of the actual data. The first is the one from the beginning of the epidemic to the school closure, in which the parameters were set to 

It is interesting to note that the parameter values that best fitted the data might have a logical sociological explanation. The terrestrial mobility presents a drastic and sudden reduction in the second period because of the combined action of the government measures of closing schools and the social scare provoked by the alarming news and the ignorance about the lethality of the virus. It is also logical that in period 3, when there is more information and the government decided to lift the restrictions the mobility increased, but not quite to its original value. The school holidays represent a natural way of social distancing and the mobility decreases even more, since many families abandon the cities for a vacation, typically in a confined tourist resort. After holidays the social scare is not there anymore and life goes back to normal, but now citizens have learned new hygienic habits in the whole process. The same sort of explanation applies to , kt and the quantitative differences with the changes of t v reflect the suspected fact that this parameter is related to very different social issues. The reader could elaborate further appropriate explanations. 
     
The dashed black line is a numerical realization with the intervention explained in the text. The numerical data are averaged over 50 realizations. The root mean squares of the estimates lie between the 15 and 20% of its mean.
In Fig. 6 we show a realization of the time history of the pandemic using the parameters discussed above (black-dashed curve). The actual data are shown as a continuous red curve.
Observe the good agreement between the two curves. The exact time of the onset of the epidemic is practically impossible to estimate since usually there are not records of the first cases. For example, it has been reported that there was an ongoing influenza epidemic in Australia before the identification of the swine influenza in North America [30] . Therefore, the horizontal axis of the data was shifted by 44 days to match the point of the initial exponential growth of the epidemic. This is not unrealistic, since the time delay from the first case in Veracruz to the first case in Mexico City was 50 days, and we started the calculation in the city. It is interesting to compare the blue curve (no intervention scenario) with the black one. From the difference of the integrals one could estimate the number of cases that were prevented by the intervention, although it is not that easy, for the following reason. Observe that the first portion of the curve with negative slope corresponds very well to the social distancing measures adopted in the early stages, but the second one has little to do with it, since it corresponds closely to the vacation period. The last section with negative slope is the natural disappearance of the pandemic. To adjust the bandwidth of the blue curve without intervention we had to modify the parameter 1  to 0.04, corroborating the fact that the mechanisms to trigger the disease have social connotations as well. In other words, after intervention ceased, the social parameters were reset to smaller values than before intervention. We attribute this change to the fact that in the aftermath of the intervention people became more attentive to hygiene and social norms to prevent the spreading of influenza. Note that the simulation without intervention does not fit the data (dotted blue curve). Our model estimates that the number of prevented cases by the intervention and change of social habits is as large as 37%. This figure is consistent with the result of Chowell et al. [29] who found that social distancing measures implemented in the greater Mexico City area were associated with a 29%-37% reduction in influenza transmission in spring 2009. See also the fitting of the temporal incidence of laboratory tested influenza cases in Section 4 of the Appendix. In any case, our model predicts that the number of prevented cases, either by the intervention and/or by learned social changes in mobility is substantial. This means that although costly economically, social distancing measures are extremely effective to mitigate the effects of epidemics. Airport closure, of the kind adopted in Europe during the Icelandic volcano were not tested, but one can be sure by the calculations shown in Fig. 3 that they should be extremely effective, but with higher costs.
Modeling the geographical spread of influenza A(H1N1)
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FIG. 7: (a) Map showing the number of infected people ( , )
t Y i j at day 365 t  from the calculation shown in blue in Fig. 6. (b) The same taken from the black curve. The maximum height of the peaks in both plots is 20. Notice that we are showing the number of existing infected individuals in each day, regardless of the previous date of infection. The reduction in the number of infected people due to the intervention is clearly seen.
The effects of the social distancing measures in the country can be graphically seen in Fig.  7 , where we show the distribution of infected people in a map of Mexico after one year of the outbreak for the blue and black curves of Fig. 6 . Observe that, although the maximum number of infectious people is 20 in both cases, the disease is persistent and more widely distributed in the case of no intervention. Although most of the traveling in Mexico is via terrestrial transport, the model captures the essence of the pandemic without the need of adding detailed road or railway networks. This result is in agreement with previous reports in which the fine details of land transportation seem not to influence much the dynamics of pandemics [34] . A smaller terrestrial mobility during the social distancing in Mexico demonstrates that rapid implementation of measures, such as school closure, is effective and can significantly reduce influenza transmission. However, the model also shows that the spread of the virus will be renewed upon relaxation of such measures [12] .
IV. DISCUSSION
In this paper we have presented a model that neatly separates two important aspects of pandemics, namely the features of the infectious disease, and the characteristic processes of geographical spread. The first aspect was modeled with a SEIR(S) system, in which novel features were included. In essence, this model generalizes a model developed by Cooke et al. [16] by allowing the period of latency and infectiousness to be of arbitrary length. It was assumed that the dynamical behavior of this model is appropriate to simulate the time history of the disease in a confined region of space in which the population could be considered homogeneous. The second aspect was modeled by admitting that the process of infecting individuals is basically random, regulated by mobility parameters that surely are related to social behavior. The coupling of these two dynamics in an extended spatial region present several novel features. First, we consider that infection spreads through random contacts between cells by starting the disease dynamics in healthy populations, and not simply as diffusion, which is a poor approximation to the real spread of a contagious disease. Second, we propose that many of the unknown social habits that influence the probability of infection can be represented as thermal agitation (known in physics as Boltzmann factor). Third, the inhomogeneities between local populations can be accounted for by coupling the homogeneous cells to external parameters, or by modifying the local parameters in each cell (see Appendix). The model shows that epidemics emerge as the coupling of these two aspects, and that it is not possible to describe the phenomenon, either by mean field assumptions, or by focusing on the mobility habits of a society only. Therefore, prevention of pandemics should contemplate different sorts of measures related to both aspects, on one hand vaccination and prophylaxis, attacking the infection directly, or by social distancing measures that restrict the mobility of people, that include closure of public places, stopping air travelling, or transportation bans. Also information campaigns are directly aimed to the reduction of the exposure probability. These external actions can be implemented in the model by modifying the parameters related to the disease (as  or the local density ),  or by adjusting the mobility parameters , a v , t v and more importantly . kt Numerical simulations of the model show that, in the absence of thermal noise, the disease is propagated forming wave fronts (as in a diffusive process), whose period and spatial extension depend on the SEIR(S) parameters basically, despite the fact that terrestrial and aerial mobility are considered as intrinsically random processes. This picture is also seen when one considers the demography by adding a density population function, except that the wave fronts are broken in places with low population. When thermal noise is added ( 0) kt  the wave fronts disappear, and the zones with infected people spread more uniformly. It is predicted that pandemics can occur driven solely by this kind of noise, as it is illustrated in Fig. 4(a) . Numerical calculations varying kt show that there is a critical value above which the pandemic is sustained. This is very important from the point of view of predicting the conditions for a possible pandemic, as it is also shown in the application of the model to the Mexican influenza pandemics. For this application, we used parameters appropriate to influenza, and data of the air traveling in Mexico, as well as the density of Mexican population from various sources, that allow us to tune the model to agree with the actual data of daily infections. Social distancing measures were undertaken during this pandemic and we use the effect on the behavior of our model to adjust the values of our mobility parameters. This is fortunate, since the mobility should be related in a rather complicated way to averages of cultural and social transportation habits, and the possibility of getting their values from experimental data requires further modeling and assumptions beyond the scope of the present work. Our approach was to reproduce the time history of infections from the data by fitting the parameters of the model and simulating the social measures undertaken by the Mexican government, and the natural reduction of mobility during school vacations. Once this was achieved, we could simulate the scenario if no measures would have been implemented, and discover that the number of prevented infections was substantial, as shown by the results of Fig. 6 . Social measures that reduce mobility are very costly economically, but rather efficient, as was shown by the Mexican strategy of April 2009. Influenza is concentrated in the autumn and winter in temperate regions, but shows less periodic transmission in the tropics. Influenza is not endemic to any particular region in the world but appears to be dynamically sustained; a local epidemic will sweep through a particular region, fade out and then be reseeded by contact with a local epidemic from a different region the following year [23] [24] . Understanding the geographic structure of influenza transmission is of critical importance to our efforts to combat the disease. Our geographical simulation (Movie II) of the actual data (Movie I) is consistent with the observed three-wave pandemic profile [30] : an initial wave in April-May (Mexico City area), a second wave in June-July (southeastern states), and a geographically widespread third wave in August-December.
Several empirical studies on human mobility and communication have tried to fit their data to what has been termed the gravity law of transportation [5, 15, 45, 37] . Gravity models have succeeded in capturing most of the spatiotemporal properties of epidemics, including case rates, periodicity and fade-out behavior [43] . The fitting of a gravity model to commuting data successfully captured the observed synchrony in seasonal influenza data in the US by Viboud et al. [45] . This heuristic approach is based on an analogy to the force of gravity between two objects. It relies on the intuitive notion that the amount of traffic, A radiation model for human mobility has been recently proposed [40] . Interestingly, the radiation model reduces to a specific type of gravity model when a homogeneous distribution of the populations is assumed. Here we argue that our model is a new approach particularly useful when there is not enough available data on human mobility. Besides, there are indeed, some connections between our approach and the gravity and radiation models. In fact the radiation model and our approach are somehow related. For example, the parameter t v encompasses the mobility between work and home. Our approach is also related to the gravity model when we made the assumption that the parameter Mexico's mobility and migration social mobility is of great complexity. Mexico's urbanization process has experienced unprecedented population mobility and migration particularly in the last 3-4 decades. An important force in the economic development has been Mexican migration to the USA and within the southeast part of Mexico. The history of migration is the story of old and modern Mexico, as migrant workers have contributed substantially to Mexican economy. In 2010, Mexico's national population census data http://www.inegi.org.mx show that the total number of inhabitants was 112,336,538 and the number of floating population is about 20 million (17.8%). They spend most of the year abroad from their home town or village. Most migrants across states move in search of work. At present, more and more Mexican workers are choosing to work near the hometown because of more rigid measures by United States migration office. Christmas festivities attract millions of Mexicans from abroad that contribute to the national mobility. Mexico's population mobility and migration is an ever changing phenomenon. Facing the situation in Mexico, the radiation model is not enough. The application of this model has to be adapted to the specifics of each country. Simini et al. [40] themselves propose that their model may provide a new platform to further exploration. Separating the population mobility and the population migration, and focus on urban and rural and across states may be a starting point for addressing this issue.
Other models assume a spatially-explicit discrete-time SEIR model with force of infection decreasing with the geographical distance (usually a power-law estimated from mobility data), which explicitly models transmission in households, schools and workplaces [20-21, 36-37, 45] .
Statistically reliable estimate of human dispersal comprising all spatial scales does not exist. We believe that our proposed model can contribute to the development of a new class of models for the spread of human infectious diseases, because universal features of human travel can now be accounted for in a quantitative way [10, 35] . In particular, our finding of a transition point at 0.25 kt  to an endemic regime is consistent with the phase transition in the spread of infectious diseases mediated by recurrent mobility patterns [7] . The landmark work of Longini et al. [34] tested several interventions other than social distancing. They modeled a hypothetical H5N1 subtype assuming human to human transmission that is dispersed within a rural area. There is not an aerial travel network within the community and a measure of containment is the number of infected (not susceptible) people who escape (travel out) the community over the course of the epidemic. In the last decades, there has been a growing trend towards confronting model predictions with epidemiological data. Many of these studies have revealed a subtle interaction between stochasticity and the deterministic non-linearities inherent in most host-parasite interactions. The global migration patterns of influenza viruses have profound implications for the evolutionary and epidemiological dynamics of the disease. Indeed, a model of the kind presented here can be used to understand the antigenic drift and the eventual antigenic shift of the virus. At present we are testing the model to simulate other important viral diseases with potential pandemic power.
We define a square grid of 50X50 cells with uniform population density 1   and with fixed air all-to-all connections between six arbitrary cells. The weight of each connection was kept fixed to one. This is done with the purpose of studying the sensitivity of the model to the mobility parameters only, without varying any other parameter. In each of the 2,500 cells we define an identical SEIR(S) model with constant parameters (with the values used to produce Figure S1 ), and make extensive computer simulations to examine the variations of some characteristic quantities yielded by the model. We have to test basically all the parameters that are not exclusively related to the disease, namely, In Figure 4b of the main paper we notice an abrupt change of behavior at around 0.25, kt  which is an important feature of the model and is independent of the geographical or demographical details of the system. Therefore, we first verified this fact. In Figure A1 we show the total number of infectious people normalized by the number of cells and integrating over the period of the calculation, which was kept fixed at 800 days. We notice that there is a pronounced maximum of the curve, which is also present in other key quantities of the model. The explanation for this maximum is simple: when the number of acceptance trials in the Monte Carlo process is small (low kt ) the probability of finding a cell with X   does not change as time runs, and simply the probability of acceptance is proportional to exp [ 1/ ] . kt  When the probability of acceptance is sizeable, the cells have frequent outbreaks in the same cell; it reaches a maximum until the probability of finding a cell suitable for new outbreaks diminishes.
We conclude that the noise parameter is a key feature of the model that dictates abrupt changes in the dynamics of the epidemics. As mentioned before, estimating its value in a specific application is very difficult, since it has to do with cultural and social habits of the population. Instead, one can use experimental data to adjust its value to reproduce the scale of the spread of the disease, as we shall see in the next section. In order to explore the sensitivity to the terrestrial mobility parameter we vary its value for 4 different values of , kt ensuring that we cross the transition point. In Figure A2 Observe that there is a logarithmic increase that depends on kt in the same fashion as in Figure A1 .
In order to examine the sensitivity to the aerial mobility parameter , a v we vary its value for 4 different values of , kt crossing the transition point. In Figure A3 we show this variation.
Notice that regardless of the value of , kt the total t Y per cell follows the same pattern.
Once there are few flights, the value of t Y immediately reaches a plateau. This means that the actual details of air-connections are practically irrelevant. This is in agreement with our assumption that the main effect of aerial transport is to change the scale in the number of infections. As in the case with S However, when kt is smaller than the critical transition point, the total number of infections increases almost exponentially with . S
In conclusion, the existence of aerial routes has been shown to be crucial for the spread of diseases. According to our sensitivity analysis of the model (see Figure A3) we show that the only large quantitative change in the number of infected people occurs when one passes from zero flights to any non-zero number. However, in order to take the actual data of air traveling in Mexico, we have examined the data concerning the total number of passengers traveling from one airport to another one within the country (only domestic flights). The data was obtained for the main 55 airports in Mexico during 2009. These data was organized in a square matrix and normalized to the total number of passengers in the year, to obtain the probability of traveling from one cell with airport to another one. The corresponding coordinates of every airport were located in Mexico's map ( Figure 5 of the main text). The mobility parameters produce very little qualitative changes of behavior, and they only set the actual number of infections. Notice that the lack of variation in the results means that there is very little room to reproduce the results, the only significant variations were found to be with respect to kt and . S One could state that this spatiotemporal model has essentially three adjustable parameters (kt and ), S plus the terrestrial mobility () t v which may become a relevant parameter in some circumstances. Given the fact that we were able to closely reproduce the dynamical behavior of the influenza in Mexico, shown in Figure 6 , we can say that main hypotheses of our model are validated.
A2. SEIR(S) dynamics: stability and sensitivity analysis
The set of non-linear difference equations with memory presented in the above section displays a rich variety of behaviors as a consequence of the symmetry-breaking non-linearities brought in by the memory effects. The model presents various fixed points, of which the point  Note the different dynamics associated with the duration of the immunity period from 0 to 120 days.
A3. Comparison of local patterns between actual data with simulation results
Mexico comprises regions characterized by completely different social and economic backgrounds that result in different levels of population heterogeneity, in terms of both socio-demographic structure and mobility. Indeed, different time histories were observed for each state of Mexico. To test if our spatial-temporal model also produced different dynamics for different regions without the need of assuming local or temporal changes in the parameters, we calculated the time history for selected areas in a single realization of the model. We also compared actual and simulated dynamics for different areas, namely, places where there were two distinct outbreaks, a unimodal skewed distribution, or even a Gaussian symmetric distribution (see Figure A7 ). These results are consistent with the finding of heterogeneous mobility patterns observed during the influenza spread in Europe [11, 36, 44] . 
A3. Geographical simulation Movies
To make the movies we used the IMSS data that includes 27,440 influenza cases that were laboratory tested and that represented 23.3% of a total of 117,626 influenza-like illness patients as defined in reference [29] . The infection starts at a small Village in the state of Veracruz. It rapidly spreads to the major cities of the country due to aerial transportation. No waves are observed because the movie considers the incidence of infection, i.e., new cases per day. The infection appears in the most populated areas of Mexico which can be considered as hubs from air traveling. The pandemic persists for some time until it completely disappears. In agreement with Chowell et al. [29] , the spring pandemic is mainly seen in the central states of Mexico including Mexico city. The summer wave appears essentially in the southeast states of Mexico. And the third wave coincided with the return of students from summer vacations, and disease activity persisted all over the country until December of 2009.
Movie II: Fitting of the Model
The infection starts at the central part of Mexico. No apparent waves are formed because in this simulation we also took into account the daily incidence of the infection. At the onset of the spread of the infection there are waves that tend to form concentric circles but given aerial transport the infection spreads quickly to other parts of the country. The presence of noise makes wave fronts not discernible. The infection exhibits a regular behavior in the major cities of the country from which it spreads locally via terrestrial mobility. The latter is manifested by waves that form transient concentric circles. There is a clash of front waves and a pulsatile-like behavior is soon apparent and the spread is sustained both in space and time. The infection persists cyclically in the most populated areas of Mexico until the pandemic disappears. Small waves of propagation can also be observed. The geographical spread is similar to the actual data. In the absence of air traveling after two years (movie not shown), the infection does not cover the entire Mexican territory. The presence of noise leads to an endemic state of the pandemic.
Movie III: Simulation of the model without intervention
This simulation is identical to the one obtained in Movie II but assuming no social distancing measures were applied. This case corresponds to the blue curve in Figure 8 of the main text. Note that there are more cases per time and the incidence shows a regional back and forth (presumably indicating terrestrial transport by roads).
A4. Fitting of the temporal incidence of laboratory tested influenza cases
We follow the same procedure as described in the main text. In Figure A8 , note that with no intervention we assign the same values , , , Figure 6 of the main text. After intervention ceased, the social parameters were reset to smaller values than before intervention. We attribute this change to the fact that in the aftermath of the intervention people became more attentive to hygiene and social norms to prevent the spreading of influenza. Note that the simulation without intervention does not fit the data (dotted blue curve). Our model estimates the number of prevented cases by the intervention is as large as 37%. This is the same figure as the one obtained when all data were considered.
